Purpose: The aim of this study was to develop and validate a method for predicting energy expenditure (EE) using a footwear-based system with integrated accelerometer and pressure sensors. Methods: We developed a footwear-based device with an embedded accelerometer and insole pressure sensors for the prediction of energy expenditure. The data from the device can be used to perform accurate recognition of major postures and activities and to estimate EE using the acceleration, pressure and posture/activity classification information in a branched algorithm without the need for individual calibration. We measured EE via indirect calorimetry as sixteen adults (BMI: 19-39 kg•m -2 ) performed various low-to-moderate intensity activities and compared measured vs. predicted EE using several models based on the acceleration and pressure signals. Comparison of EE prediction models using data from both legs vs. models using data from a single leg indicate that only one shoe need to be equipped with sensors. Conclusion: These results suggest that foot acceleration combined with insole pressure measurement, when used in an activity-specific branched model, can accurately estimate the energy expenditure associated with common daily postures and activities. The accuracy and unobtrusiveness of a footwearbased device may make it an effective physical activity monitoring tool.
INTRODUCTION
Paragraph Number 1 Physical activity (PA) levels and the energy expenditure (EE) associated with physical activity influence human health (33) . As a result, individuals are advised to participate in programs that promote increased energy expenditure (EE) via exercise, physical activity and changes in posture allocation (e.g. less sitting) (16) . Accurately quantifying levels of physical activity (PA) and associated EE in adults and children will provide insights into the dose-response relationship between PA/EE and health outcomes, allow evaluation of the effectiveness of interventions that aim to increase PA/EE and aid in treating metabolic disorders associated with obesity. Monitoring physical activity patterns objectively (e.g. via accelerometry)
can improve PA/EE estimates, but devices that can accurately estimate total daily and activityspecific EE are essential. For example, the magnitude of positive energy balance that results in gradual weight gain is on the order of 25-100 kcal/day. In addition, instruments that are unobtrusive and easy to use may improve compliance and reduce limitations to physical activity due to the device interfering with movement.
Paragraph Number 2 Accelerometry (ACC) has emerged as one of the most popular approaches to EE prediction (6, 10, 12, 15, 25, 28) . Although useful, single accelerometers have one major drawback in that they tend to significantly underestimate the energy cost of static postures such as standing activities (e.g. household tasks) and non weight-bearing activities (e.g. cycling) (18) .
As a result, they fail to explain a considerable portion of energy expenditure variability in daily living tasks. One strategy to improve EE estimation has been to use multiple sensors, either additional accelerometers or other types of sensors (e.g. heart rate) (7, 16, 29, 30) . For example, combining heart rate and ACC has been shown to substantially improve the accuracy of energy expenditure prediction (7, 29, 30) , as has the use of multiple accelerometers (35) . Recently, several studies have demonstrated improved EE estimation with a single accelerometer by using more sophisticated modeling approaches including Artificial Neural Networks (28) , distributed lag and spline modeling (11) and branched algorithms (12, 13) . Another way to achieve an improvement in EE accuracy has been to use the ACC data to classify activity, which is used in predictive models based on the type or intensity of the activity (6, 12, 28) .
Paragraph Number 3
Heart rate monitoring and multiple ACCs are the most common ways explored to supplement single ACC's in energy expenditure prediction. Exploration of other approaches may lead to an improved prediction accuracy and greater convenience to a weight management participant. Recently, we developed a wearable shoe-based device (26) which has an embedded accelerometer and pressure sensors positioned in the insole. The main appeal of using the device for energy expenditure prediction is its potential accuracy, non-intrusiveness, light weight and ease of use. We have developed a posture and activity recognition model for this device which is able to achieve 98% accuracy in subject-independent classification of 6 major postures and activities (sitting, standing, walking, ascending stairs, descending stairs and cycling) (27) . This enables an activity-specific branched approach to energy expenditure prediction that may result in relatively good EE estimates for a variety of daily living tasks. The inclusion of insole pressure sensors in the device also allows the exploration of whether the intensity of physical activity may be correlated with range and frequency of foot pressure changes and whether pressure data can supplement the accelerometer data for further improvement in accuracy of predicting EE. Thus, we developed and validated a method for using accelerometer and pressure sensors signals to predict EE conditioned on a specific activity group and without need of individual calibration. Several studies reported using shoe-based sensors (3, 17, 20) , however, their research concentrated on detecting gait characteristics, rather than posture/activity classification and energy expenditure estimation. There are also several commercially distributes shoe-based systems (such as Pedar (31) and F-Scan (14) ) which incorporate pressure sensors in the insoles for the dynamic pressure measurements. Although these systems have wide applicability such as kinetic analysis of gait, shoe research and design, orthotic design, podiatry and sports biomechanics, they are not designed specifically for posture/activity recognition and energy expenditure prediction. A study reported in (34) used an array of 32 plantar pressure sensors to classify locomotion (walking, running and up/down stairs). Another study (32) estimated daily energy expenditure using a foot-contact pedometer but did not attempt to classify postures or specific activities with the device. We introduce a shoebased device that will be the first in the area of footwear-based systems to be used for accurate posture/activity recognition and energy expenditure estimation.
Paragraph Number 4
The main purpose of this study was to test the overall feasibility of energy expenditure prediction using a novel shoe-based device, in particular, we aimed to perform the following tasks : 1) to compare the accuracy of EE prediction using this device vs. existing methods using single ACC or ACC/HR sensors; 2) to compare the accuracy of prediction performance of a model using accelerometer and pressure sensors signals vs. a model that uses only accelerometer signal; 3) to validate the branched modeling approach for prediction of energy expenditure for each specific posture and activity; 4) to evaluate the need of sensors to be embedded in both shoes. We hypothesized that the combination of ACC and pressure data would provide more accurate EE estimates compared to single ACC /EE methods and that sensors would only be required in a single shoe.
METHODS

Subjects
Paragraph Number 5 Sixteen adult subjects participated in the study. The University Institutional Review Board approved the study and each subject provided informed consent. In order to test the device on a diverse population, we recruited participants who were lean to obese.
Based on self-report, participants weight was stable (<2 kg weight fluctuation) over the previous 6 months. Individuals who were healthy, non-smokers, and sedentary to moderately active (< 2-3 bouts of exercise/wk or participation in any sporting activities < 3 hr/wk) were invited to participate in the study. Pregnant women and those who had impairments that prevented physical activity were excluded. The physical characteristics of participants are shown in Table   1 .
Study design
Paragraph Number 6 Participants reported to the laboratory in a fasted state (>4 hours) for a single three hour visit. Each participant was asked to perform a variety of postures/activities while wearing a portable metabolic cart system and the appropriately sized shoe device with embedded sensors. The postures included sitting and standing and the activities included walking, jogging, stair ascent/descent and cycling (Table 2 ). Each posture/activity trial was six minutes in duration and subjects were allowed five minutes rest between trials. Trial order was not randomized. Metabolic data was not collected during stair ascent/descent, as this activity was performed in two-story stairwell which did not allow establishment of metabolic steadystate. As a result, we estimated EE as each participant performed 13 different activities from four posture/activity groups (Sit, Stand, Walk/Jog and Cycle).
A C C E P T E D
Paragraph Number 7 Participants were not restricted in the way they assumed postures and or performed activities. Standing did not require any specialized equipment; a chair with a rigid back was used for sitting; walking/jogging was performed on a motorized treadmill (Gait Trainer 1, Biodex, Shirley, NY); cycling utilized a bicycle ergometer (Erogomedic 828E, Monark, Sweden). During the fidgeting trials, subjects were allowed to make small, normal leg movements (e.g. crossing legs or shifting weight).
EE measurement
Paragraph Number 8 To determine metabolic rate and associated EE during each trial, we measured the rates of oxygen consumption (VO 2 ) and carbon dioxide production (VCO 2 ) using a portable open circuit respirometry system (Oxycon Mobile, Viasys, Yorba Linda, CA). Before the experimental trials, we calibrated the system with known gas concentrations and volumes.
For each trial, we allowed four minutes for subjects to reach steady state (no significant increase in VO 2 during the final two minutes and a respiratory exchange ratio (RER) <1.0) and calculated the average VO 2 and VCO 2 (ml/sec) during minutes 4-6 of each trial. We calculated gross metabolic rate (W/kg) from VO 2 and VCO 2 using a standard equation (6) . Energy expenditure was then calculated from VO 2 and RER.
Movement and foot pressure measurement.
Paragraph Number 9
The sensor data for this study were collected by a wearable sensor system embedded into shoes (Fig. 1) . Each shoe incorporated five force-sensitive resistors embedded in a flexible insole and positioned under the critical points of contact: heel, metatarsal bones and the great toe (hallux). The acceleration data were collected from a 3-dimensional MEMS accelerometer positioned on the back of the shoe. The goal of the accelerometer was to detect orientation of the shoe with respect to gravity, to characterize the motion trajectory and to help A C C E P T E D characterize the amount of movement in a specific posture or activity. Pressure and acceleration data were sampled at 25Hz and sent over a wireless link to the base computer.
Paragraph Number 10
The wireless system used for data acquisition was based on Wireless Intelligent Sensor and Actuator Network (WISAN) (21) . The battery, power switch and the WISAN board were installed at the back of the shoe as shown on Fig. 1(b) . The sensor system was lightweight (<40g) and created no visible interference with the motion patterns in subjects.
Model
Paragraph Number 11
For the model construction we used a group rather than individual approach: the data used for training were pooled from several subjects and such model was then tested on the validation set which included data from subject(s) that were not in the training set.
For each posture and activity the sensor data were collected during a 1 minute interval in which subjects were in metabolic steady state (minutes 4-6 of each trial). Each one minute recording resulted in approximately 1500 (25Hz•60s) points of pressure and acceleration data per channel.
For the 16 subjects who participated in the study there were a total of 208 such recordings.
The following data were available for each recording:
• response variable: energy expenditure, EE, kcal·min
• anthropometric measurements (weight, height, BMI, age, gender, shoe size);
• triaxial accelerometer signals: superior-inferior acceleration (Acc1), medial-lateral acceleration (Acc2), anterior-posterior acceleration(Acc3); 
A C C E P T E D
Paragraph Number 12 To validate the branching approach, energy expenditure prediction was performed as a two-step process, with the step one being classification of postures/activities into one of the four groups: "Sit", "Stand", "Walk" and "Cycle"; and step two being prediction of energy expenditure using one of the four regression models built for a given posture/activity group. Each 1-minute interval of sensor data was first classified as belonging to one of the four activity groups using our earlier developed algorithm for posture/activity recognition (27) . The same sensor data from each 1-minute interval were consequently used for training and validation of one of the four regression models for predicting energy expenditure. Thus, the branching approach involved constructing four branch models: "Sit", "Stand", "Walk", "Cycle" contingent upon prior classification of every 1-min recording into one of these groups for training or validation. Another major goal was to justify the use of the pressure sensors (in addition to accelerometer) in EE prediction. This led to the development of the following four models to predict EE in kcal·min -1 using predictors described above:
1. BACC-PS. This model was branched by activity and consisted of four separate branch models ("Sit", "Stand", "Walk", "Cycle"). The predictors included anthropometric measurements, accelerometer and pressure sensors as predictors;
2. BACC. This branched model also consisted of four separate branch models ("Sit", "Stand", "Walk", "Cycle") and included anthropometric measurements and accelerometer data as predictors but the pressure data were not used;
3. ACC-PS. This was a non-branched model (no activity classification) that used the same predictors as BACC-PS.
4. ACC. This was a non-branched model using the same predictors as BACC.
The purpose of constructing different models was to investigate if the performance is improved by branching the model (i.e. classifying the activity) and also by including predictors derived from pressure signals. and interactions (as products of 2 or more candidate predictors) were also considered as separate linear terms within regression.
Paragraph Number 13
Paragraph Number 15
In branched models a separate model was constructed for each type posture/activity: "Sit", "Stand", "Walk" and "Cycle". For all branched (as collections of the four separate branch models) and non-branched models selection of the most significant set of predictors was performed using the forward selection procedure. We used the "leave-one-out" approach for cross-validation when training and predicting the EE for each type of activity for every subject. For every left out subject all of the data related to this subject were removed from the training set. Model (coefficients) computed using the rest of the subjects sample was then used to predict the EE for all trials of the left out subject. The best set of predictors had to provide the best fit (by producing the maximum adjusted coefficient of determination, R 2 adj and the minimum Akaike Information Criterion, AIC) in the training step and the best predictive performance (the minimum mean squared error, MSE and the minimum mean absolute error, MAE ) in the validation step.
Paragraph Number 16
The input for the models was the data from sixteen subjects who had complete metabolic and sensor data for all thirteen trials. In the "walk" activity group some subjects did not have energy expenditure record (unable to achieve metabolic steady state while jogging) or had no sensors signals recorded for some trials within this group, these 10 trials were dropped from each model's input. An additional 1-minute recording for cycling activity for a particular subject contained more than 50% of corrupted data due to sensor failure. This recording was also dropped from the analysis. Thus, the sample size of the input data for each to METs was done by representing the energy expenditure for any given epoch as a multiple of resting energy expenditure. We used energy expenditure during quiet sitting as a valid estimate of resting metabolic rate for each subject due to established convention (1, 2) . This conversion was performed to enable direct comparison of our results with those that have been recently published (9, 12, 28) .
Paragraph Number 18
One of the goals of the analysis was to establish the need of using sensors on both shoes. Several versions of the branched ACC-PS model (as a representative model) were constructed using accelerometer and pressure sensors data separately from each shoe and both shoes together.
Statistics
Paragraph Number 19
The following performance assessment measures were computed for each EE prediction model:
• RMSE MET , the root mean squared error for energy expenditure prediction expressed in
METs. This error is computed as the difference between model predicted EE and the measured EE for each trial.
• 95% confidence intervals for RMSE MET , computed as bootstrapping estimates by generating 5000 samples of absolute errors (predicted minus actual energy expenditure) drawn from the original sample, calculating RMSE MET for each such sample and computing bounds for the middle 95% of the created population of RMSE MET 's.
• ARD, the Average Relative Difference (signed):
A C C E P T E D
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ARD = mean((predEE -EE)/EE)
• Bias, the mean difference between predicted and measured energy expenditure in METs:
bias = mean(predEE -EE)
• Interval of agreement for prediction of energy expenditure in METs, calculated as given in (1) sensor would register as a constant zero value (no pressure), thus, using the maximum pressure ensured that no data from failed sensor were used in training or validation. In particular, use of the maximum value resulted in the reduction of the corrupted data from 5% to around 1.7%.
RESULTS
Paragraph Number 22
Paragraph Number 23
To facilitate the branching approach, our automatic classification model (26) for posture/activity recognition was applied to each of the 197 1-minute recordings to assign it into four activity groups ("Sit", "Stand", "Walk", "Cycle") for further construction and validation of the corresponding branch models. For these data there was 100% rate of correct classification among all 1-minute recordings with respect to the four activity groups.
Paragraph Number 24 Final linear regression coefficients for the branched ACC-PS and
branched ACC models after selection of the best set of predictors are reported in Table, SDC2 and Table, SDC3 respectively. The final non-branched ACC-PS and non-branched ACC model regression coefficients are given in Table, SDC4 . Among the anthropometric characteristics of subjects used as possible predictors only Weight and BMI showed significance for energy expenditure prediction for all models. In particular, gender-stratified models did not show any improvement in the prediction performance. Similar effect was reported by previous studies where gender has not been shown to improve EE estimates from accelerometry data (5, 6, 19) .
The coefficients for all models were obtained by averaging the coefficients of the 11 runs (one for each left out subject) of the OLS (Ordinary Least Squares) regression on the training sets.
A C C E P T E D
Most of the coefficient of variations for coefficients of all of these models were within [0.07, 0.3], which suggests that the regression coefficients were highly stable.
Paragraph Number 25
Almost all coefficients for all models were highly stable over all runs as given by low absolute values of coefficients of variation (CV). As can be expected, weight and BMI always explain part of the variability of each model, while other physical characteristics were highly correlated to weight variable and didn't add to the fit or the prediction performance of either model. Results shown in Table 3 common characteristic for all these plots (models) is that the accuracy of prediction is slightly better for small than for large EE values (i.e. better accuracy for sitting and standing).
Paragraph Number 27
Passing-Bablok regression analysis was conducted using Matlab implementation (23) of the method described in (24) . Examination of the presence of fixed (intercept ≠ 0 if 95% CI does not contain 0) and proportional (slope ≠ 1 if 95% CI does not contain 1) bias of the models showed that except for one case (non-branched ACC model which showed fixed bias) none of the four models exhibited either kind of bias (see Table, SDC5, examination of the presence of fixed and proportional bias and linearity). All ACC-PS models (branched and non-branched) provided better prediction over the ACC models as indicated by slope values closer to the unity than those of the ACC model (see Passing-Bablok regression analysis in the supplemental materials). In addition, the branched model regression coefficients appear to be more precise since they provided the narrower confidence intervals for both slope
A C C E P T E D
and intercept than those for the non-branched models.
Paragraph Number 28 Linearity test indicated absence of linearity for all non-branched models
while for branched models linearity was always very strong (see Table, Table, SDC6 , comparison of BACC-PS model performance using predictors from single shoe and both shoes. However, the RMSE values were still below those found for BACC and the rest of the models. Also, the improvement of both-shoe over single-shoe models can be attributed mostly to the lost of data due to sensors failure: both-shoe models were able to mitigate the effect of the corrupted data by using the fact that simultaneous sensors failure on both shoes was rare, and by applying either averaging or maximization to left and right shoe sensor metrics. Thus, for all practical purposes single shoe models can be successfully used.
A C C E P T E D
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Paragraph Number 32
Our results support the measurement of plantar pressure as a way to improve EE prediction compared to a single accelerometer. As shown in Table 3 , the inclusion of pressure sensor metrics improved all prediction performance measures. In particular, RMSE was reduced ~7% for branched models (0.77 to 0.69 METs) and non-branched models (0.99 to 0.94 METs). There was also clear reduction in bias and the width of the interval of agreement when comparing ACC to corresponding ACC-PS models. Because there are clear differences in the magnitude and distribution of insole pressure across postures and activities, insole pressure measurement allows for accurate classification of activity, which can then be used to develop activity-specific models that improve estimates of EE. The inclusion of insole pressure also improves EE estimation within an activity classification. In particular, there was a significant decrease in error rate in estimating cycling EE. This likely due to the changes in plantar pressure that are associated with changes in the intensity of cycling, something difficult to detect using an accelerometer. It is interesting to note that we were able to achieve accurate activity classification using only the 1 st metatarsal pressure sensor and three-dimensional acceleration (27) and the EE models also used the sensors under the metatarsals. This suggests that although multiple sensors may be required to achieve a high level of classification and EE estimation accuracy, it may be possible to use fewer pressure sensors without a decrease in performance. In general, these improvements in accuracy add support to the literature demonstrating that devices that use multiple sensors improve EE estimation (7, 22, 35) . (12) or heart rate and accelerometer thresholds (9,13) but without activity classification and have also reported improved EE accuracy.
Collectively, these results support the use of branching models (with and without activity classification) to improve EE estimation. (6, 28) . If the focus of a device is to identify the time spent in various activities, a large number of potential activities would seem important. However, a large number of activity designations may make the combination of activity classification/EE estimation more complex, without a marked improvement in EE prediction accuracy given the similarity in EE form many activities. Clearly, additional research is needed to determine the relationship between activity classes and EE prediction accuracy.
A C C E P T E D
Paragraph Number 35
Despite very good performance of the proposed model for energy expenditure prediction, a limitation of the stated results is a relatively small sample size (16 subjects). However, we introduced a wearable shoe-based system and aimed to test the overall feasibility of EE prediction using this new device on a relatively small pilot sample. Despite its small size the sample covers a wide range of weight/height/BMI characteristics of subjects. As BACC-PS model uses branching into 4 sub-models corresponding to sitting, standing, walking and cycling activities; it also uses signals from both accelerometer and pressure sensors for prediction of EE.
SDC2.pdf:
BACC is a branched model that only uses accelerometer measures for prediction of EE. ACC-PS is a non-branched model that uses signals from both accelerometer and pressure sensors for prediction of EE. ACC is a non-branched model that only uses accelerometer measures for prediction of EE.
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